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Abstract

We presentthe designand implemenation of a real-
time, vision-tasedlanding algoiithm for an autonanous
helicopger. The helicopteris requiredto navigate from an
initial positionto afinal positionin a partially known en-
vironmentbasedon GPSandvision, locatea landing tar
get (a helipadof a knovn shape)andlandonit. We use
vision for precisetarget detectionand recaynition. The
helicoger updats its landng target parametes basedon
vision andusesan on boardbehaior-basedcontrdler to
follow a pathto the landingsite. We presehresultsfrom
flight trials in thefield which demorstratethat our detec-
tion, recogiition andcortrol algotithms areaccurateand
repeatale.

1 Intr oduction

Unmamed Aerial Vehicles areindispensale for vari-
ousapplicatiors wherehumanintervention is impossible,
risky or expensve e.g. hazardusmaterialrecovery, traf-
fic monitaiing, disasterelief suppot etc. A helicoger is
highly mareuwerable versatileplatform. It cantake off and
land verticdly, hover in place,perform longitudinal and
lateralflight aswell asdrop andretrieve objectsfrom oth-
erwiseinaccessiblelaces.But the high manewerablity
of helicoptes comes atasignificantcost;they areunstable
anddangeousto fly. This shortoming canbe remediel
by an unmanedautanomots helicoptey sinceeliminat-
ing the pilot from the contol loop decreasethe chances
of endaigeringhumanlife. Also thesizeof thehelicoper
canbe redwcedwhich effectively redwcesthe costof the
helicoger, while increasingts maneiveralility .

For an unmannedhelicoger to successfullyfunction,
autoromouslanding is a crucial capability The struc-
turednatue of landingmalesit suitablefor vision-tased
stateestimationandcontwol. Thevision problemthatwe
considerthereis a specialcaseof the ego-notion prodem
whereall thefeaturepointslie onaplana surface(in this
casethe landingpad) [1]. We presentan algorithm for
vision-tasedautoromouslanding of a model helicoger
in anunstructued 3D ervironmen. The helicopteris re-
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quiredto autonanouslylocateandrecoqize a helipadof
dimensims 122cm x 122cm, align with it andland oniit.
We presentresultsbasedon flight datafrom field tests
which show that the algorithm is able to land the heli-
copteron the helipadrepegably and accuratly. On an
average the algorithm landedthe helicopterto within 40
cm positionaccurag andto within 7° in orientation as
measuredrom the centerof helipad andits principd axis
respectrely.

(a) AVATAR (b) AVATAR landingonahe-

lipad

Figurel: AVATAR ( AutonamousVehicleAerial Tracking

And Reconmissance)
Vision-basedroba contrd hasbeenan active topic of

researchn the pastfew yeas [2, 3, 4]. In [5] arealtime
computervisionsystenis presetedfor tracking alandirg

targe but no autonanouslandingwasrepated. In [6, 7]

theautmomots landingprablemwasdecoyled from the
prodem of vision-basedtracking [8] discusses vision-
basedsolutionto safelandirg in unstru¢uredterrain Sev-

eral vision-basedsenoing techniqies have beenimple-
mentedfor autcnomots contrd of helicogers [9], but
noneof themhave focusedon the landing prodem [10].

The prodem of autoromots landingis particularly diffi-

cult becausehe inheentinstability of the helicoptemear
theground[11]. Also sincethe dynamicsof a helicoper
arenondinearonly anappoximatemodelof thehelicoger
canbeconstruted[12].

2 The Test-bedand Experimental Task

Our expeimentaltest-bedAVATAR (Autonomaus Ve-
hicle Aerial Trackirg And Reconnaissang¢l3] is agas-
powered radiocontrolled model helicopter fitted with a



PC-104stackaugnentedwith several sensorgFigure 1).

A Novatd RT-20 DGPSsystempravidespositioral accu-
ragy of 20cm CEP(CircularError Prokable,i.e. the ra-
diusof acircle, centeredat the truelocationof a recever

antenm, thatcontairs 50% of theindividual positionmea-
suremets madeusingaparticdar navigational system) A

BoeingCMIGTS-II INS unit with threeaxisaccelerore-
tersandthreeaxis gyroscopeprovidesthe stateinforma-
tion to theon-boardcompuer. Thehelicogeris equigped
with a color CCD cameraand an ultrasonicsonar The
ground stationis a laptopthatis usedto sendhigh-level

contrd commandsanddifferentialGPScorrectionsto the
helicoger. Communicationwith theground stationis car

ried via 2.4 Ghz wirelessEtherné and 1.8Ghzwireless
videa Autonamousflight is achieved usinga behavior-

basedcontrd architectue [14]. Thisis discussedurther
in Sectiord.

Theoverall landingstrateyy is asfollows. Initially the
helicoger is in seach mode. The vision algorithm (de-
scribedbelaw) scansfor the landingtamge. As soonas
it detectghe landirg target the stateestimationalgorithm
sendscommaudls to the helicoptercontrdler. This mocde
is calledobjectiradk moce. Whenthe helicgpteris above
the landingtarge the vision-baedcontioller commaials
the helicgpterto land. This is calledtheland mode. Fig-
ure 2 shaws a flow-chat of the algoritm. Next, we de-
scribethevision andstateestimatioralgorithns.
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Figure2: Thestatetransitiondiagramfor thelandirg task

3 Vision Algorithm

The vision algoithm is describedbelov in three
parts; prepocessing,geomdric invariant extraction ob-
jectrecoqition andstateestimation.

3.1 PREPROCESSING

Thegoalof thisstages to locateandextractthelanding
targe. Figure 3 (a) shavs an aerial view of the helipad
usedin our experiments.

(a) Thresholding and Filtering. Threshdding con-
vertsthe color imageto a binaryimage. The imageob-
tainedfrom the camerais noisy andthe framegratberis

(a) Imagefrom on-board
camen

(b) Thresholetd and Fil-
teredimage

(d) Final Image

(c) Sgmentel Image

Figure3: Imageproessingresults. All imagesaretaken
in-flight from a downward-minting cameraon the heli-
copter

of low quality, hencewe work with binary imagesto re-
ducethecomputationalcostandincreasaheeffectiveness
of thealgoithm. Theimageis first corvertedto gray-scale
by eliminatirg the hue and saturationinformation while
retainingtheluminane. This is accomfishedby thefol-
lowing equation{15]

Y =0.299%R+0.596+G+0211+xB (1)

whereR,G,Brepresetthered,greenandbluevaluesin
theimagerespectrdy. Thethreshdding algorithmmust
produceabinaryimagewhichpreseresthelandingtarget
but effectively removes most of the other datafrom the
image.A robustimplemenationis to thresholdheimage
atafixedpercemage(80%) betweertheminimumandthe
maximunm gray levels. Figure 3(b) shavs theimageafter
threshdding. A 7x 7 Mediantfilter is appliedto the subse-
guen imagefor remwving noiseandto presere the edge
detailseffectively. Medianfilters have low-passchara-
teristicsandthey remove additive white noise[15]. They
presere the edgesharmesg16] in animageandarepar
ticularly suitablefor the recognition of geometic objects
suchasthehelipad

(b) Segmentaton and Connected Component La-
beling. Theimageobtaired after threstolding andfilter-
ing may corsist of objectsotherthanthe helipad. In this
stepthe various regions of interestare identifiedand la-
beled. Theimageis scannd row wise until thefirst pixel
atabouwndaryis hit. All the pixelswhich belorg to the 8-
neighborhad of thecurrert pixel aremarkedasbelorging
to the current object. This opemtionis contirued recur



sively until all pixelsbelongng to the objectarecounted
A praoductof this procesds the areaof the particularob-
jectin pixels. Objectswhoseareais lessthana particuar
threshdd (< 80 pixels) arediscarded Similarly objects
whoseareais > 700 pixels arediscarded.The remainirg
objectsareour ROI(regionsof interestiandarecanddates
for thelandirg target (Figure 3 (c)).

3.2 INVARIANT MOMENTS

Geomeric shapegossesdeature suchas perimetey
area,momentshatcarrysuficientinformationfor thetask
of objectrecogtition. Suchfeaturescanbe usedasob-
jectdescriptos, resultingin significantdatacompession,
becausehey canrepresenhthe geonetric shapeby a rel-
atively small featurevectorandareideally suitedfor the
presentask. Basedof the geometic featuresof anobject
onecancalculateasetof descriporswhichareinvariantto
rotation translationandscaling. Theseshapedescripors
arewidely usedin optical characterecogition andpose
estimation.Onesuchclassof descriptos [17] is basedon
the momeitts of inertiaof anobject. The (p + q) t* order
momer of animagef(z,y) is given by

Mpg = D > _iP§7f(i, ) )
J

i

wheretheindicesi, j correspondo the coodinateaxesx,
y respectiely.

Thecenterof gravity of theobjectis specifiedby
Mo Moy

§g=— 3)
Moo Moo

T =

The centrd momentof anobjectarethe momentsde-
finedabou the centerof gravity andaregiven by

o =D (=3P =9 fG5) @)

wheretheindicesi, j correspondo the coodinateaxesx,
y respectiely. The normalizedcentralmoments,denotel
by 1,4, aredefinel as

Hpq
= 5
"71)11 /J/OO'Y ( )
where
_|_

Normalizedcentral momets canbe emplo/edto pro-
ducea setof invariart moments. The threelower-order
invatiants ¢1, ....¢3 aregivenin termsof the secondand
third order cental momens [17] by

1 = n20 + 7Mo2 (7

¢2 = (m20 — mo2)* + 40, 8)

#3 = (n30 — 3m12)? + (3m21 — Mo3)? 9

¢1,...¢03 are scale,rotation and translationinvarian.
Objecteccentricityis givenby

Moz €os® 8 + o sin? @ — puy1 sin 26, (10
B Ho2 sin? 6 + 120 €082 6 — 11 cos 26

Definition: Objectorientéion is defiredasthe ande be-

tweenthe major axisof the objectandthe x-axis

It canbe derived by minimizing the function

SO) =Y > [(i—x)cosd— (j —F)sin6]* (11)

(i,7)eR

where(i, j) belorg to ® which is the spacerepesenting
theimage.Minimizing S(6) givestheobject orientatia 4

as

_ 2
H20 — Ho2
3.3 OBJECT RECOGNITION AND STATE-ESTIMATION

Initial trials with testdatashowved that the first, sec-
ondandthird moments of inertiaweresufficient to distin-
guishbetweerthelandingtarget andotherobjectspresent
in the image (Equations(7),(8),(9)). The algorithm was
calibratedoffline usinga setof imagescollectedin prior
flights. The calibraion values storedwerethe meanval-
uesof the momerts of inertia. During actualflight the
momeirts of inertiaof eachframearecalculatecandcom-
paredto the calibration values. If they lie within a toler
anceof +£10% of the storedvaluesthenthe object(in this
casehehelipad is saidto berecoguizedandthealgorithm
proceadsto the next stepof stateestimation.

The stateestimationalgorithmcalculateghe x-y coor
dinatesandorientationof thelandirg target relative to the
helicopger. The headimgy is calculatedusing Equation 12,
while the x-y coordnatesof the landirg targetare calcu-
latedusing Equdion 3. Thesestateestimatesare sentto
thehelicoptercontrdler.

0= % arctan( 12

4 Control Architecture

The AVATAR is contolled using a hierarclical
behaior-basedcontrd architet¢ure. Briefly, a behaior-
baseccontrdler [18] partitionsthe contiol prodeminto a
setof looselycouped behaiors. Eachbehaior is respon
siblefor a particdar task. The behaviors actin parallelto
achive the overall goal. Low-level behaiors arerespon
sible for roba functiors requring quick respose while
higha-level behaiors meetlesstime critical needs.The
behaior-basedcontol architectue usedfor the AVATAR
is shavnin Figure4.

At thelowestlevel the roba hasa setof reflex beha-
iors that maintainstability by holding the craftin hover.
Thehealing cortrol behaior attemptgo hold the desired
headimy by usingdatafrom theIMU to actuatethetail ro-
tor. Thealtitudecontml betavior useshe sonarto contiol
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Figure4: AVATAR Behavior-BasedController

the collective andthe throttle. The pitch androll control

behaiors maintainthe desiredroll and pitch anglesre-

cievedfrom thelateral control behaior. Thelateral mo-
tion behaior genergesdesiredpitch androll valuesthat
aregivento thepitch androll contiol behaiorsto moveto

adesiredposition. At thetop level the navigation control

behaior inputs adesirecheadimg to theheadirg control, a

desiredaltitudeto thealtitudecontrol anda desiredateral
velocity to the lateral contol behaior. A key adwantage
of sucha contmol algorithmis to build comgex behaiors

ontop of theexistinglow level behaiors.

Thelow-level andshorttermgoalbehaiorsroll, pitch,
headng, altitude andlateral control behaiors areimple-
mentedwith proportioral contiollers.

The long-tem goal behaior navigdion control is re-
sponsiblefor overall task planring andexecttion. If the
headiry error is small, the navigaion control behaior
givesdesiredlateral velccities to the lateral velocity be-
havior. If the headimy erroris large, the headng control
behaior is commaiedto align the helicoger with the
goalwhile maintainirg zerolateralvelocity.

The altitude contmol behaior is further split into three
sub-kehaviors, hover control, velocity contol and sonar
control. Thehover contmwl sub-kehavior is activatedwhen
the helicopte is either flying to a goal or is hovering
over thetarget. This sub-kehavior is usedduring the ob-
ject recogition and objecttracking statewhenthe heli-
coptershoud move laterally at a constantaltitude. The
hover contrdler is implemened as a proportional con-
troller. It readsthe desiredGPS location and the cur-
rent location and calculatesthe collectve commai to
the helicopter This is shovn in Equation13 wherer
is the collectve commaml sentto the helicopte sernos,
f(B1at,010n) is afunction of the curren latitudeandlon-
gitude f (@ iat, Gaion) is afunction of the desiredatitude
andthelongitude, K, is the proportional gain The func-
tion f convertsagivenlatitudeandlongitude to thecorre-
spondng distancean metersfrom a sureyed point.

T= Kp(f(edlatyedlon) - f(elat, Glon))

Oncethehelipadhasbeenlocatedandthe helicopteris
alignedwith the helipadthe velocitycontmol sub-belavior
takesover from the hover control subbehaior. It is im-
plemenedasa Pl contrdler. An integral termis addedto
redu@ the steadystateerra. The helicopterstartsto de-
scendill reliablevaluesareobtainedfrom thesonar The
sonar contmol sub-kehavior takes over at this point until
touctdown. This is alsoimplementedasa PI contrdler.
Thevelocitycontwol sub-tehavior is shavn in Equaion 14
wherer is the collective command sentto the helicoger
senos,v is the currentvelocity v is the desiredvelocity,
K, is theproportional gainand K ; is theintegral gain.

=Ky -0+ Ki [a-vdt 09

The sona contwol sub-kehasior is shavn in Equation 15,
wherer is the collective command to the helicoger ser
vos, z is the current position, z 4 is the desiredposition
K, is theproportional gainand K ; is theintegral gain.

7= Kp(ra — ) + K; /(xd — x)dt (19

5 Experimental Resultsand Discussion

Thehelicopteiisinitially commaiedto autaomotsly
fly towardthehelipadbasedn GPS[seach modg. Once
the helipadis in view , the contrdler switchesto vision-
basedcontrd [helipad-track modé. If for ary reason
the helicoper loses sight of the landing pad, the con-
troller switchesbackto seach mode Oncein helipad
track modethe low-level contrd behaiors on the heli-
copterreceve conmandsfrom the vision controller The
vision systemsendsorientatia, velocity forward andve-
locity right commandswith respecto the imagecoord-
nateframe to thehelicoptercontoller. Thecommandsare
thencorvertedinto velocity-north andvelccity-eastcom-
mand basedon the current GPSandheadng. The nav-
igatioral contiol behavior takestheselateralvelocity and
headiry commauls andsendsthe appopriatecommaials
to thelow-level behaiorsfor thecortrol of thehelicoger.

Trial | Totalflight time | Landingtime | 66
1 306 s 108 s 5°
2 156's 63s 15°
3 316 s 112s 0°
4 308 s 106 s 3°
b) 178 s 62 s 10°
6 186s 87s 10°
7 194 s 66 s 2°

Tablel: Datafrom Flight Tests
Whenthehelicogeris oriertedwith thehelipadit starts

descenthg [land mod@. At this juncturethehelicogeris



contrdled by the velocity cortrol sub-belvior. If it de-
scenddo a heightof 3 metersor lessthe sonarcontmol is
activated. From this point onwards the helicoptets alti-
tudeis reguatedby sonartill it lands.

Image Processing CPUtime
ImageAcquisition ~ 20%
Threshdding andFiltering | ~ 12%
Segmentation ~ 40%
CompamentLabelirg ~ 7%
Hu’s Momentsof Inertia ~ 10%
GUI anddisplayirgimages | < 11%

Table2: Compuational Costfor ImageProcessingt 10
framespersecond

A total of seventestflights werecondicted. The data
obtain@ areshowvn in Table1. The final averag orien
tationerra (66) is appoximately7°. The compitational
costfor imageprocessings shavn in Table2. Thetime
taken for computing the momets of inertiais only 10%
of thetotal time. Hence,if the landingtarget hasa well
definedshapethevision algorithm is computationallyin-
expensive. In thefuture we planto testwhetherthe same
resultscouldbeobtainal if weimplemeniedouralgorithm
on noisy data, without filtering. Becauseof the limited
bandvidth from the wirelessvideo transmitterwe were
ableto proces®only 10 framespersecond

Total No of Frames 12060
Landng Padobsenred in 6034
Actuallanding Padpresent| 5832

Table3: Errarsin the ObjectRecognitiorAlgorithm

Table3 shavs theaccuagy of thealgaithm used.The
datawereobtairedfrom appraimately 1200 frames dur-
ing the sevenflight trials. Eachflight wasof a duration of
apprximately 3 minutes. Out a total numker of 1206
framesprocessed,the landing pad was presentin 6034
frameswhile it was detectedn 563 frames. The algo-
rithm shaved a falsepositive in 202 out of 6034 frames
which givesan errorrate of 3.36%. The momentsof in-
ertiaareinvariart to rotation scalingandtranslationbut
varywhentheplanein whichtheimageliesis contintally
changng. Thehelicoger pitchesandrolls in flight, which
chan@stheimageplane;this distortstheimagewhichre-
sultsin falsepositives. In the future we planto integrate
measurerntsfrom the IMU with thevision contrdler to
nullify theeffectscausedy theroll andpitch motion.

Table4 shavstheresultsaveragedoverthesevenflight
trials. We were able to cortrol the headng of the heli-
copterremakably well. During the landing phase,the
downward velocity is alwaysrestrictedto a maximumof
0.2 m/sec. This canbe seenfrom Figure5(a). This was
implemenedfor asmoothdescentrajectoryaswell asfor
safetypurposes.Thetrajectoryof the craft duiing descent

for arepresetativetrial is shovn in Figure5(c). Although
initially therearesomevariaionsin height,the helicoger
descendsmoothlyduring thelaterpart. For thehelicoger
to finally landit hasto overcomeground effectandturbu-
lence. This canbe seenin Figure 5(a) whenthe down-
ward velocity reache$).6 meters/secah The difference
betweerthe oriertation of the helipadandthe helicoger
for arepresetative trial is shavnin Figure5(b). Thecon-
trolleris ableto maintaintheoriertationof thecraftin-line
with the helipad.

The averageposition error after landing was 40 cm
from the centerof the helipad This valueis calculated
asthedistancerom the centerof the helipal to the center
of the helicoger afterlanding. This erra is small when
comparedto thesizeof thelandingpadandthehelicoger.
Presentlythe camerais staticallymourted belov the un-
dercariage of the helicgoter pointing down. Depemling
on the heigh of the craft even a smallinclination in the
craft causesa large changein the horizantal distanceon
the ground, makingit difficult to track the landingtarget
precisely Mourting the cameraon a gimbalwould solve
the prodem. Also precisecontrd of the helicoger near
the ground is difficult becase of the air-cushio deve-
opedby the downward thrustfrom the mainrotor of the
helicoper.

Meantimeto land 73s
Meanautonaenousflight time 234s
Meanerrorin orientation 6°

Standardeviationin orientation| 5°
Meanerrorin position 40 cm

Table4: Averag Resultsfrom Flight Tests
6 Conclusionand Futur e Work

We have presetedthe designandimplemenationof a
real-timevision-basedsystemfor detectiig a landingtar
getanda contrdler to autoromotsly land a helicoger on
the target. The vision algorithm is fast, robustandcom-
putatiorally inexpensve. It reliesontheassumptioathat
a.) thelandingtarget hasa well-defired geometic shape
andb.) all thefeaturepointsof thelandirg targe arecofda-
nar Sincewe chosea landing target composedof poly-
gonsandthehelicopterkeepsthe cameraoudhly perpen
dicular to the grourd, thesetwo assumptionsvere justi-
fied.

Datafrom seven flight trials shov that our algoritim
andlandingstratgly worksaccuatelyandrepeathly. The
helicoger achieved autonenouslandirg to within 40 cm
positiond accuray and7° oriertationaccuray measurd
relative to the helipad In the future we planto integrate
measurerantsfrom thelMU with thealgorithmdescribe
hereto nullify the effectscausedy theroll andpitchmo-
tion therely improving the detectionof the landingtarget.

In thefuture we planto focus our attentiononthe prob
lem of safeand predse landirg of the helicgpter in un-
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Figure5: Performace of the Vision Algorithm in Con-
junctionwith theL LandingController

structurel harsh3D ervironmerts. The applicatiors of
sucha systemare enomous; from spaceexploration to
targe trackingandacqusition.
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